Abstract: Increased mean diffusivity (MD) is hypothesized to reflect tissue degeneration and may provide subtle indicators of neuropathology as well as age-related brain changes in the absence of volumetric differences. Our aim was to determine the degree to which genetic and environmental variation in subcortical MD is distinct from variation in subcortical volume. Data were derived from a sample of 387 male twins (83 MZ twin pairs, 55 DZ twin pairs, and 111 incomplete twin pairs) who were MRI scanned as part of the Vietnam Era Twin Study of Aging. Quantitative estimates of MD and volume for 7 subcortical regions were obtained: thalamus, caudate nucleus, putamen, pallidum, hippocampus, amygdala, and nucleus accumbens. After adjusting for covariates, bivariate twin models were fitted to estimate the size and significance of phenotypic, genotypic, and environmental correlations between MD and volume at each subcortical region. With the exception of the amygdala, familial aggregation in MD was entirely explained by additive genetic factors across all subcortical regions with estimates ranging from 46 to 84%. Based on bivariate twin modeling, variation in subcortical MD appears to be both genetically and environmentally unrelated to individual differences in subcortical volume. Therefore, subcortical MD may be an alternative biomarker of brain morphology for complex traits worthy of future investigation. Hum Brain Mapp 38:2589-2598, 2017.
INTRODUCTION
The association between individual differences in the volume and mean diffusivity (MD) at subcortical regions of interest (ROIs) is unknown. Volume and MD can be interpreted as macro-and microstructural indices of regional integrity respectively, with each reflecting different, but related, neuroanatomical features Kliper et al., 2016; Zhang et al., 2014] . However, neither the size nor significance of any overlap in terms of the putative genetic and environmental factors linking these two quantitative measures of brain morphology at subcortical ROIs have been explored.
Magnetic resonance-based gray matter volume is a widely used quantitative measure of brain morphology during development, learning, aging, and disease. The number of reports exploring associations between volume at subcortical ROIs with biomedical [Reschetniak et al., 2014] , psychiatric [Hashimoto et al., 2013; James et al., 2013; Levitt et al., 2010; Lim et al., 2013; Phillips and Swartz, 2014; Schmaal et al., 2016; Sexton et al., 2013] , cognitive [Kates et al., 2002] and aging-related [Sexton et al., 2013; Teipel et al., 2013] traits has increased in recent years. Twin studies have revealed significant genetic variation within and between brain structures including volume at subcortical ROIs [Strike et al., 2015] . Depending on the ROI, and notwithstanding variability in reliability [Nugent et al., 2013] , heritability accounts for 48% to 85% of the variance among individuals in subcortical volumes [Eyler et al., 2011; Kremen et al., 2010] . Moreover, correlations between the subcortical structure volumes can be largely attributed to common genetic factors [Eyler et al., 2011; Kremen et al., 2010] .
Diffusion tensor imaging (DTI) is a noninvasive means of mapping the diffusion of molecules, from which the observed patterns of diffusion can be used to map tissue architecture in both normal and diseased states. Although fractional anisotropy is the most commonly used DTI metric, it lacks sensitivity when diffusivity is relatively isotropic (i.e., the magnitude of diffusion is similar in all three directions), as would be expected in gray matter [Sexton et al., 2010] . MD summarizes the overall displacement of water molecules, where increased values are hypothesized to reflect degeneration of cellular membranes or inflammation, and may consequently provide a more sensitive indication of age-related brain changes [Kincses et al., 2013; Sexton et al., 2010 Sexton et al., , 2014 or the effects of various brain pathologies [Sullivan et al., 2010; Zhang et al., 2014] . Importantly, our rationale for investigating the etiology in MD stems from emerging lines of evidence suggesting it is more clinically relevant than volume to cognitive decline [Brueggen et al., 2015; Clerx et al., 2012; Mielke et al., 2012; Neil et al., 2002; Sundgren et al., 2004; Yakushev et al., 2010; Zhang et al., 2013] . MD in subcortical ROIs is also increasingly used to investigate biomedical [Craiu, 2013; Kregel et al., 2015; Simo et al., 2013] , psychiatric [Buhler and Mann, 2011; Peng et al., 2012; Rosenbloom et al., 2003; Serafini et al., 2014; Wen et al., 2011] , as well as cognitive [Stigler et al., 2011] and agerelated [Carlesimo et al., 2010; Cherubini et al., 2010; Fellgiebel and Yakushev, 2011; Fellgiebel et al., 2006; Holtzer et al., 2014; Li et al., 2013b; Muller et al., 2007; Teipel et al., 2013] traits. For example, variation in hippocampus MD has been linked to cognitive decline [den Heijer et al., 2012; Piras et al., 2010] , mild cognitive impairment (MCI), and Alzheimer's Disease (AD) Fellgiebel et al., 2006; Kantarci et al., 2005; Li et al., 2013b] .
Variation in MD and volume are assumed to reflect different, but overlapping aspects of pathophysiological processes, for example, increases in MD related to neurodegenerative processes [Fellgiebel and Yakushev, 2011] . Among reports investigating the strength of association between volume and MD at subcortical ROIs, most have focused on MCI [Fellgiebel and Yakushev, 2011; Muller et al., 2007] , AD Kantarci et al., 2005] , and stroke [Kliper et al., 2016] . Two studies, each based on small casecontrol designs [Kantarci et al., 2005; Kliper et al., 2016] , have reported large significant correlations between hippocampus volume and MD. In contrast, one report based on a large sample of elderly, nondemented subjects by den Heijer et al. [2012] found no correlation between hippocampus volume and MD.
In terms of the factors driving variation, family studies using DTI have provided compelling evidence of significant genetic variation in quantitative measures of white matter diffusion [Jahanshad et al., 2013; Kochunov et al., 2010 Kochunov et al., , 2014 . To our knowledge, however, family studies have never been used to quantify the sources of genetic and environmental variation in MD in subcortical gray matter ROIs. Nor has any study used a genetically informative design to investigate the strength of association between volume and MD. If complete genetic overlap between volume and MD exists, then measuring the later for the purposes of genetic association studies should not yield additional information beyond more readily assessable measures of subcortical volume.
We, therefore, address these gaps with two specific aims. What are the sources of genetic and environmental variance in MD across seven subcortical ROIs? What is the size and significance of the genetic and environmental associations between volume and MD at each subcortical ROI? This second aim will determine if there is evidence of additional genetic variance in MD that cannot be captured by measures of volume alone.
METHODS

Participants
Participants comprise middle-aged male twins who were MRI scanned as part of Wave 2 of the Vietnam Era Twin Study of Aging (VETSA) [Kremen et al., 2013] [Kremen et al., 2006] (l age 5 56.1 SD 5 2.6 ), with Wave 2 occurring 6 years later (l age 5 61.8 SD 5 2.6 ). Participants were concordant for US military service at some time between 1965 and 1975. Nearly 80% reported no combat experience. The sample is 88.3% non-Hispanic white, 5.3% African-American, 3.4% Hispanic, and 3.0% "other" participants. Based on data from the US National Center for Health Statistics, the sample is very similar to American men in their age range with respect to health and lifestyle characteristics [Schoeneborn and Heyman, 2009] . Written informed consent was obtained from all participants. The local ethics committee approved the study.
MRI Acquisition
Images were acquired at two sites: University of California, San Diego (UCSD); and the Massachusetts General Hospital (MGH). At UCSD, images were acquired with a GE 3T Discovery 750 scanner (GE Healthcare, Waukesha, WI) with an eight-channel phased array head coil. The imaging protocol included a sagittal 3D fast spoiled gradient echo (FSPGR) T1-weighted volume optimized for maximum gray/WM contrast (TE 5 3.164 msec, TR 5 8. 
MRI Processing
Structural MRI images were processed as described previously [Kremen et al., 2010; McEvoy et al., 2015] . Briefly, this involves correction of distortion due to gradient nonlinearity and B1 field inhomogeneity, image intensity normalization, and removal of non-brain tissue. Segmentation methods available in the FreeSurfer software package Fischl and Dale, 2000; Fischl et al., 1999 Fischl et al., , 2004 were used to define gray matter, WM and cerebral spinal fluid.
Diffusion weighted images were corrected for eddy current distortions [Zhuang et al., 2006] , head motion [Hagler et al., 2009 ], B0 distortions (using the reversing gradient method) [Holland et al., 2010] , and gradient nonlinearity distortions [Jovicich et al., 2006] , and then registered to the T1-weighted structural image using mutual information [Wells et al., 1996] after preregistration using atlas images for each modality. Diffusion images were then rigidly resampled into a standard orientation with 2 mm isotropic resolution. Cubic interpolation was used for all resampling steps. Conventional DTI methods were used to model the diffusion tensor as an ellipsoid where eigenvalues k1, k2, and k3 define the three primary axes [Basser et al., 1994; Le Bihan et al., 2001; Pierpaoli et al., 1996] , and MD was calculated as the average diffusion in all directions. Mean MD was then calculated for each subcortical ROI.
Subcortical volume data were available from 447 twins [110 monozygotic (MZ) twin pairs, 75 dizygotic (DZ) twin pairs, and 77 incomplete twin pairs]. MD data were available from 387 twins (83 MZ twin pairs, 55 DZ twin pairs, and 111 incomplete twin pairs), all of whom had volumetric data.
Statistical Analyses
Based on our previous findings [Kremen et al., 2010] we averaged left-right regional subcortical volume and MD estimates before analyzing residuals adjusted for age at scan, total intracranial volume, and site. Polychoric correlations (and 95% confidence intervals) between subcortical volumes and subcortical MD were estimated using the R 3.1.1 [2008] OpenMx 2.0 package [Boker et al., 2015] . Standard biometrical genetic models [Neale and Cardon, 1992] were then fitted using the R 3.1.1 [2008] OpenMx 2.0 package [Boker et al., 2015] . As shown in Figure 1 , the total variation at each ROI can be decomposed into additive genetic (A), shared environmental (C), and non-shared or unique environmental (E) variance components. As illustrated by Twin model to decompose the sources of variance in the observed measures (squares) of MD at each ROI into latent (circles) additive genetic (A), common/shared environments (C), and non-shared environmental (E) risk factors. The size of the A, C, and E variance components are measured by estimating the regression coefficients a, c, and e. All latent variables have a mean of zero (not shown), and variance of one (double-headed arrows).
the double-headed arrows between the A, C, and E effects, this model exploits the expected genetic and environmental correlations depending on whether or not individuals are from MZ or DZ twin pairs. MZ twin pairs are genetically identical, compared to DZ twin pairs who on average share half of their genes. This is because MZ twin pairs form as a result of one fertilized zygote splitting into two and developing as two separate individuals who share 100% of their genetic information. DZ twin pairs are the result of two separate eggs fertilized by two sperm cells and therefore share the same amount as genetic information as ordinary siblings (50% on average). Therefore, the expected twin pair correlations in terms of the A effects are 1 and 1 =2 for MZs and DZs respectively. This model is also based on the equal environment assumption whereby the impact of shared or common environment effects is the same for MZ and DZ twin pairs. Therefore, the expected twin pair correlation in terms of the C effects is 1 for MZs and DZs alike. If however, the EEA is violated then any shared environmental effects that increase MZ similarity relative to DZ similarity will artificially inflate estimates of additive genetic variance. A number of studies have reported that violations do not significantly predict twin pair resemblance for a number of complex behaviours and phenotypes Kendler and Prescott, 1999; Kendler et al., 1993a Kendler et al., ,b,c 1994 Xian et al., 2000] . Finally, there is no double-headed arrow between the nonshared environment (E) effects, because by definition these effects are random and uncorrelated between twin pair members, while also including measurement error. An added advantage of the classical twin design is that observed MZ twin pair correlations for each variable are equivalent to lower bound estimates of the reliability.
This univariate model is easily extended to the bivariate case enabling us to estimate the size and significance of the genetic and environmental sources of covariance between volume and MD at each ROI. Figure 2 illustrates the hypothesize additive genetic (r A ), shared (r C ), and nonshared (r E ) environmental factor correlations between volume and MD for any given individual. Not shown is the complete twin pair illustration and the expected cross-trait cross-twin correlations for the A, C, and E effects. We fitted this bivariate model to estimate the size of the variance components, along with the additive genetic and environmental latent factor correlations (including 95% confidence intervals) between volume and MD at each of the seven subcortical ROI.
Power
Post-hoc calculations for estimating the power to detect the additive genetic variance components in for each volume and MD measure at each ROI were performed using the powerValue [Verhulst, 2017] function in R R 3.1.1 [2008] . Briefly, power was estimated by using the weighted noncentrality parameter, which is the chi-square difference between the full "A 1 C 1 E" and "C 1 E" univariate models divided by the number of families (N 5 270) in the analysis. Similarly, the power to detect genetic covariance in the volume-MD bivariate analyses was based on the chi-square difference between the fully saturated "A 1 C 1 E" model in Figure 2 and a nested sub-model in which the genetic correlation was set to zero (r a 5 0).
RESULTS
Phenotypic Associations
Phenotypic polychoric correlations adjusted for family relatedness are shown in Table I . For comparison, the polychoric correlations between MD and volume unadjusted for twin pair relatedness are shown in Supporting Information Table S1. Note that while parameter estimates remain largely identical, the 95% confidence intervals (95% CIs) were broader in the adjusted correlations. Bivariate correlations between volume and MD were significant at only three subcortical ROIs (Caudate, Amygdala, and Hippocampus) and ranged from 20.24 to 10.14.
On average, the observed MZ twin pair correlations for volume and MD at each ROI were approximately twice their DZ twin pair counterparts (see Supporting Information Table S1 ). This is consistent with familial aggregation being entirely attributable to additive genetic factors. Note that the MZ twin pair correlations ranged from 0.61 to 0.81 for volume, and from 0.54 to 0.81 for MD, which suggests moderate to high reliability in these subcortical measures. Table I also shows the variance components in volume and MD at each subcortical ROI attributable to genetic and environmental risk factors. Beginning with the volumes, across all seven ROIs the genetic factors were significant and explained between 54% (accumbens) and 85% (caudate) of the total variation. In contrast, the 95% confidence intervals for the shared environmental risks spanned zero. For MD, a similar pattern of results emerged. Despite the small sample size, the power to detect these genetic and environmental proportions of variance at each ROI ranged from 97% to 99% (see Supporting Information Table S1 ). The only exception was Amygdala MD where there was insufficient power to detect additive genetic risks.
For six ROIs, additive genetic factors explained between 46% (accumben) and 84% (putamen) of the total variation in MD. Genetic effects for MD in the Amygdala were nonsignificant. Similarly, the role of shared environmental factors was nonsignificant across all seven subcortical ROIs. Between 10% (putamen) and 54% (amygdala) of the total variance in MD could be explained by nonshared environmental factors including measurement error. With the exception of the Amygdala (41%), the power to detect the additive genetic variance estimates in MD ranged from 89 to 99% (see Supporting Information Table S1 ).
In Table I , none of the genetic correlations between volume and MD at each ROI were significantly different from zero. This pattern of results is consistent with our estimates of the power to detect the observed genetic correlations based on a sample of 570 families of ranging from 14 to 46%.
DISCUSSION
To our knowledge, this is the first study to explore the genetic and environmental etiology in MD along with the sources of genetic covariance between volume and MD at seven subcortical ROIs. This sample was well powered to detect genetic and environmental variance in MD, and with the exception of the amygdala, familial aggregation was entirely attributable to additive genetic factors explaining 46% (amygdala) to 84% (putamen) of the sources of individual differences in MD. Across all seven ROI, additive genetic factors explain on average 66% of the variance in volume. In so far as MD and volume are thought to reflect different, but overlapping aspects of cognitive processes (Fellgiebel and Yakushev, 2011) any phenotypic association between these two indices of brain morphology appears to be small and mostly non-significant at least with respect to middle-age men. Despite moderate to high reliability, posthoc power calculations underscore the need for larger imaging samples before significant genetic covariation between subcortical volume and MD can be reliably ascertained.
Our results are informative for future genome-wide association scan (GWAS) studies. If there had been either complete genotypic overlap or much larger and significant genetic covariance, then the utility of GWAS for identifying alleles associated with the more difficult to obtain measures of subcortical MD would be questionable; volume would have served as a more affordable, less costly proxy. Based on the same sample, we have recently shown that cortical MD appears to be driven by distinct genetic factors [Elman et al., 2016] . Elman et al. 2016 also found no genetic overlap between cortical MD and cortical surface area, the later being closely related to volume. In contrast, the same study found much stronger genetic correlations between cortical MD and cortical thickness, which we speculate stems from common processes affecting microstructural properties of cells. Changes in MD can All correlations include 95% confidence intervals.
r Genetic and Environmental Influences on Mean Diffusivity r r 2593 r arise from shifts in water concentration between intra and extracellular compartments. Inflammation can cause cells to swell, which decreases MD, whereas shrinking neurons can cause increased MD [Douaud et al., 2013; Ryan et al., 2013; Van Camp et al., 2012] . Additionally, changes in MD may reflect demyelination [Rovaris et al., 2006] , but not a total breakdown of fibers coursing through subcortical structures. Similarly, there could be breakdowns in organelles or microtubules without total cell death [Douaud et al., 2009] , so the macrostructural scaffolding indicated by volume is still intact. Therefore, the absence of significant genetic correlations may be caused by processes affecting the microstructural properties of cells, which only later in life will manifest as morphological variation in volume.
Volume and MD are putative indicators of either shrinkage of large neurons, or actual cell loss [Dickstein et al., 2007; Ni et al., 2010] . However, if MD and volume do indeed reflect time-dependent aspects of neurodegeneration [Benedetti et al., 2006] , then associations may be difficult to detect in predominately healthy samples such as our own. Similarly, den Heijer et al. [2012] reported a very small correlation between hippocampus MD and volume (r 5 20.02, P 5 20.04) when predicting memory performance in a sample (N 5 892) of nondemented subjects. Stronger phenotypic and genetic correlations among older subjects or within clinical populations are more likely to be observed. Indeed, the studies by Kantarci et al. [2005] (r 5 20.47), or Kliper et al. [2016] (r 5 20.56) reported large correlations between hippocampus volume and MD in relation to stroke survivors. Sexton et al. [2010] reported a large negative correlation between hippocampus MD and volume in their case-control study of individuals with MCI and AD, which is characterized by both micro and macrostructural changes. Benedict et al. [2013] reported a significant negative correlation between thalamus volume and MD in a case-control design investigating multiple sclerosis. The broad confidence intervals on the genetic and environmental correlations we observed underscore the need for larger sample sizes to confirm whether or not the MD-volume associations are representative of middleaged subjects in general. However, the expectation is that the association increases as the sample ages.
Evidence in favor of MD as clinically more relevant to cognitive decline is emerging. For example, the effects of brain injury may be detected sooner with diffusion scans before conventional MRI [Neil et al., 2002; Sundgren et al., 2004] . A number of studies have examined variation in hippocampus MD in studies of memory [den Heijer et al., 2012; Piras et al., 2010] , MCI, and AD Fellgiebel et al., 2006; Kantarci et al., 2005; Li et al., 2013b] . Brueggen et al. [2015] have recently shown that hippocampus volume is superior to MD when predicting individuals who convert from MCI to AD. This is in contrast to another report suggesting that hippocampus MD is a better predictor than volume for patients who progress to AD [Fellgiebel et al., 2006] , especially at younger ages [den Heijer et al., 2012] . MD may be a more sensitive to degenerative changes in certain regions such as the hippocampus [Yakushev et al., 2010] . Overall, DTI measures are at least as accurate as volume when attempting to detect brain alterations linked to cognitive impairment [Mielke et al., 2012; Zhang et al., 2013] . The meta-analysis by Clerx et al. [2012] of 55 DTI studies comprising 2,791 individuals has shown that the effect sizes of hippocampus MD are larger than those for hippocampus volume when predicting individuals with MCI [Clerx et al., 2012] . Similar conclusions have been made with respect to stroke patients [Kliper et al., 2016] , and to Parkinson's disease (PD), where again hippocampus MD better predicts memory scores in PD patients [Carlesimo et al., 2010] . In terms of other regions, putamen MD is another good discriminator of individuals who develop PD . Similarly, Barbagallo et al. [2016] found that the Parkinson variant of multiple system atrophy is better predicted by putamen MD compared to volume.
Integration of subcortical MD and volume indices is also likely to prove useful, especially in relation to phenotypes defined by cognitive decline . Li et al. [2013a,b] have shown that a combination of volume and MD assessed across subcortical gray matter structures, including the hippocampus, can better discriminate early stage AD from normal subjects. Future analyses may include latent class analysis [Lazarsfeld and Henry, 1968] , or factor mixture models [Everitt, 1988] that integrate individual differences in both volume and MD across all seven subcortical ROIs. The identification of latent classes based on these distinct quantitative indices of brain morphology has the potential to improve our ability to discriminate individuals who remain healthy versus those who progress to disease states. Subcortical regions with the lowest genetic and highest nonshared environmental variance (E) include the amygdala and accumbens. Because E by definition includes measurement error, and because variation in both these regions has the lowest test-retest reliability [Renter ıa et al., submitted] , or reliability as indicated by MZ twin pair correlations [Kremen et al., 2010] , estimates of genetic variance are likely to be downwardly biased. This underscores the need for further technical improvements in the accuracy and reliability of automated segmentation methods to improve the discriminability of these subcortical regions.
Limitations
Our findings must be interpreted in the context of four potential limitations. The results from this middle-aged VETSA sample may not be generalizable to women, minorities, or younger aged cohorts. Second, it is possible for inflammation to affect both MD and volume [Frodl and Amico, 2014; Miralbell et al., 2012] . Although we have Creactive Protein (CRP) data, determining the contribution of r Gillespie et al. r r 2594 r CRP to MD or the MD-volume covariance is beyond the scope of this study. Such an analysis would require a thorough multivariate biometrical design along with consideration of confounding due to medication use. Third, MRI data were obtained from two sites. All MD and volume residuals were therefore estimated after regressing out any contributions related to site. Importantly, each twin pair was scanned on an identical scanner at the same location (never apart), and both sites included comparable mixes of MZ and DZ twin pairs. Finally, it is unclear whether or not the sources of variation in subcortical MD and the (absence of) covariance between subcortical MD and volume are stable over time. Sexton et al. [2014] reported overlapping but significant annual decreases in fractional anisotropy, along with increases in axial diffusivity, radial diffusivity, and MD, suggesting that our findings may also be subject to change.
